Abstract. Interaction increases flexibility of segmentation but it leads to undesirable behaviour of an algorithm if knowledge being requested is inappropriate. In region growing, this is the case for defining the homogeneity criterion as its specification depends also on image formation properties that are not known to the user. We developed a region growing algorithm that learns its homogeneity criterion automatically from characteristics of the region to be segmented. It produces results that are only little sensitive to the seed point location and it allows a segmentation of individual structures. The method was successfully tested on artificial images and on CT images.
Introduction
The analysis of medical images often requires segmentation prior to visualization or quantification. For segmentation of structures in CT images many different approaches exist [1] among which region growing is popular having the advantage of letting the user specify just one region that he/she is interested in [2] . Location and homogeneity criterion for region growing have to be supplied by the user. The former poses no problems as it can be expected that the user possesses sufficient anatomical knowledge to pinpoint a structure that he/she wants to segment. Specifying homogeneity, however, is difficult because the user's concept of homogeneity is often vague and fuzzy and it is not translated easily into a computable criterion. Thus research in region-based segmentation has focused on the design of the growing criteria as well as on algorithm efficiency [3] . Methods can be categorized into:
• Criterion selection based on gray-level properties of the current points [4, 5, 6] .
These methods are dependent on seed point location and search order.
• Comparison of segmentations with different homogeneity criterions [7, 8, 9] . Methods are often slow because of the large number of segmentations and they require distinguishing the true result from segmentations with slightly different homogeneity criteria.
• Criterion selection for a complete segmentation of the scene with potentially varying criterion for different regions [10, 11] . The complete image has to be segmented being based on a notion of overall optimality.
We designed a new process of region growing for segmenting single structures that overcomes the limitations listed above. The process estimates the homogeneity criterion from the image itself, produces results that are far less sensitive to the seed point selection, and allows a segmentation of individual structures. The performance of our method is compared with the adaptive moving mean value region growing method [5] because we found it is the most similar method.
The Homogeneity Model
Homogeneity at a pixel x of a region R defined by a 1 ,...,a n can be described as a function h of that pixel and pixels x i in a neighbourhood of x and within R:
Getting a reliable estimate of a 1 ,...,a n should be possible provided that a sufficient number of pixels can be found that are part of the region. For CT images -which were the primary application of our segmentation method -we used a simple homogeneity model. Values represent average x-ray absorption distorted by noise and artefacts. The absorption is assumed to be constant for a given anatomical structure. The noise is assumed to be zero mean gaussian noise with an unknown standard deviation. The main artefact in the image is assumed to be the partial volume effect (PVE). Homogeneity in this case may be defined as likelihood of belonging to a gaussian distribution of grey values with a given mean and standard deviation. This criterion was also used by other authors, e.g., [4, 5, 6] . The effects of the PVE can be captured in an approximative fashion by assuming different "standard deviations" for grey values that are higher or lower than the mean. The homogeneity function h is then
with ld and ud being the standard deviations of two different gaussian distributions. The appropriateness of this model was tested by investigating grey level distributions of CTs of the abdomen from manually segmented regions (see Fig. 1 ). The asymmetry of the distribution due to the PVE can be seen clearly in the image. Its degree depends on the grey values of the surrounding tissue of a region. 
A New Adaptive Region Growing Algorithm
Finding a connected region by region growing requires the homogeneity criterion to remain constant during search. It changes, however, if region growing is also applied to learn the criterion. Thus, two runs of region growing are necessary. Homogeneity parameters are estimated in the first run and they are applied in a second run for extracting the region. Learning our homogeneity criterion requires to estimate mean and two different standard deviations for grey values from a number of pixels of the region. As the combination of two halves of two different gaussian functions is not a gaussian, the mean is estimated from the median instead of the average of the pixel values. The two standard deviations are then estimated separately. During learning process, the range of grey value from the current estimate for homogeneity is extended by a relaxation function c(n) in order to avoid premature termination of the process (see Table 1 )
decreases with number of pixels n that are used for the estimate. Given µ and deviations ld and ud that were computed at a previous step(initially from a 3x3 neighbourhoods around the seed point), lower and upper thresholds are computed for determining region membership: 
The weight w was set to 1.5 to include approximately 86% of all region members if the distribution were truly gaussian. It was set this low in order to avoid leaking out of the region. Estimating region characteristics of a yet undetermined region requires a reliable estimate of the homogeneity parameters before the first non-region pixel is encountered. Three assumptions were made for the search process:
• The user sets the seed point not close to the region boundary.
• The region consists of a sufficient number of pixels.
• The region is compact.
Under these assumptions the standard region growing technique is inappropriate for the first run and we chose the order of visiting neighbours each time at random. It produces a search order which closely resembles a random walk (Fig. 2) . Parameters of the homogeneity are re-computed each time the number of pixels in the training region has doubled. After termination, the two deviations ld and ud are adjusted in order to account for the constant underestimation of the standard deviation by using only pixels that deviate by less than 1.5·w from the current mean. Adjustment factors can be computed from tabulated integrals of the gaussian curve (see Table 2 ). For the second run, the region growing process is repeated using the same seed point, the estimated mean and corrected standard deviations. We set w=2.58 in order to include 99% of the pixels if the grey level variation were truly gaussian. 
Performance evaluation of the algorithm
Empirical discrepancy methods -comparing results with gold standard -were used for evaluation of our model-based adaptive region growing (MBA). We selected discrepancy methods because they allow an objective and quantitative assessment of the segmentation algorithm with a close relationship to a concrete application. We subdivided our tests into two categories. First, we tested how much deviation from our homogeneity model the algorithm would tolerate. For this purpose we used artificial test images that let us control the model parameters. Then, we investigated whether the outcome on test images helped predicting the performance on CT images if compared to a manual segmentation. The tests were carried out using five to six different seed point locations. We have compared the results of our method with the results of the adaptive moving mean value region growing (AMM) [5] .
The following metrics we used that allow a characterisation of the error level that is independently of the region characteristics and the segmentation method: 1. Average deviation from the contour in the gold standard [12] 2. Hausdorff distance, calculated as in [13] 3. Number of oversegmented pixels 4. Number of undersegmented pixe ls
The average deviation value describes the general quality of the result. The Hausdorff distance tells whether the region has leaked. Finally, anylysis of under-and oversegmented pixels serves to assess whether du and ld were too high or too low.
1 Evaluation on artificial test images
Variation of the signal-noise ratio (SNR), modification of the edge gradient for the simulation of the partial volume effect and modification of the shading were analysed for segmentation on artificial test images. The first feature captures variation within our region homogeneity model. The modification of the edge gradient is partly included in the model using separate upper and lower standard deviations. Shading is not part of the model but may well occur in reality. •
Evaluation of the influence of the signal-noise-ratio (SNR)
For a close simulation of the real conditions, we have extracted noise from the homogeneous areas in CT images, instead of using artificial noise. This noise was overlaid on test images with different contrast in order to achieve different SNRs (Fig. 4) . The image size was 13.786 pixels and the object size was 1.666 pixels. The results in Fig. 6 shows that the average deviation for our MBA method from the true boundary was below one pixel at an SNR of 1:1 or higher. The maximum deviation was two pixels on average. Oversegmentation was below 0,5% while undersegmentation was below 1%. For the AMM method all error metrics have had higher values with larger variance. Segmentation with AMM was not possible for a SNR of 1:1 because of region leaking.
• Evaluation of the influence of the edge gradient
Influence of variation of the edge gradient was tested on images that were blurred with boxcar filters of size 3x3 to 9x9 pixels prior to adding noise with SNR of 1.5:1 (Fig. 5) . The error as well as its variance increased with the amount of edge blurring (see Fig. 7 ). The latter indicates an increasing dependence of the segmentation result on the initial positioning of the seed point. Segmentation was not possible using AMM because the region leaked into the background.
• Evaluation of the influence of shading effects
The influence of shading effects was investigated for testing the appropriateness of MBA for segmentation on images from other modalities such as MRI. We added a shading of 0.14, 0.28, 0.42 and 0.56 grey values per pixel at a SNR of 1.5:1. Variance of the average and maximum deviation increased significantly with a gradient of 0.42 or more (Fig. 8) . Using AMM, three out of six segmentations leaked into the background at a gradient value of 0.56. 
Evaluation of the segmentation in CT images
In the CT images, we segmented the kidney cortex, the liver and the passable lumen in an aortic aneurysm. SNR estimates were 1:1.75 for the liver and 1:5 for the kidneys and the passable lumen. The liver exhibited only little PVE while the PVE for the other structures was quite significant. Segmentation was repeated five times with different seed points. The following homogeneity parameters were estimated for the liver region: mean grey value 1.292,00 ± 0,0, lower deviation 8,69 ± 0,55 and upper deviation 7,80 ± 0,08. The variation due to different seed points was very low. For the region of the passable lumen and the left kidney cortex we obtained similar results. They were compared with a manual segmentation that was carried out by a practicing surgeon (see Table 3 and Figure 9 ). Segmentation with AMM depended on the seed point location. For the liver, an overspill happened each time using five different seed points. In order to compare automatic computation of the homogeneity criterion with influences from erroneous manual definition of it, we repeated the process using intentional deviated thresholds from its estimated value. At ±1% of the total grey level range (i.e., ±15 grey values) it lead to a doubling to tripling of all error metrics. 
Discussion
Results from test images indicated that the homogeneity criterion can be computed very accurately using our method provided that the model of homogeneity was appropriate for the segmentation task. Even some deviations due to shading and PVE were tolerated. Results on CT images were similar than those on the test images. The error estimates for the liver segmentation were in the expected range except for the number of non-segmented pixels which was higher than expected. However, this may also be Fig. 9 : Segmentation results of the adaptive region growing method for the liver, passable lumen of the aortic aneurysm and for the kidney cortex as a dark overlay due to errors in manual segmentation. There was no leakage of the region if the seed point was positioned at least three pixels off the segment boundary. For the passable lumen of the aortic aneurysm and for the kidney cortex, the Hausdorff distance and the number of oversegmented pixels were in the expected range. The average deviation and the number of non-segmented pixels were higher than in the test runs. In summary, the tests have shown the practicability of our method for segmentation of organs in CT images. The advantages over other region growing methods are that it does not require the error-prone specification of parameters of a homogeneity criterion, it does not require full segmentation of the scene, and it is less sensitive to the seed point selection than other methods that adapt their parameters. 
